Objective. To develop simple stylized models for evaluating the productivity and cost-efficiencies of different practice models to involve nurse practitioners (NPs) in primary care, and in particular to generate insights on what affects the performance of these models and how. Data Sources and Study Design. The productivity of a practice model is defined as the maximum number of patients that can be accounted for by the model under a given timeliness-to-care requirement; cost-efficiency is measured by the corresponding annual cost per patient in that model. Appropriate queueing analysis is conducted to generate formulas and values for these two performance measures. Model parameters for the analysis are extracted from the previous literature and survey reports. Sensitivity analysis is conducted to investigate the model performance under different scenarios and to verify the robustness of findings. Principal Findings. Employing an NP, whose salary is usually lower than a primary care physician, may not be cost-efficient, in particular when the NP's capacity is underutilized. Besides provider service rates, workload allocation among providers is one of the most important determinants for the cost-efficiency of a practice model involving NPs. Capacity pooling among providers could be a helpful strategy to improve efficiency in care delivery. Conclusions. The productivity and cost-efficiency of a practice model depend heavily on how providers organize their work and a variety of other factors related to the practice environment. Queueing theory provides useful tools to take into account these factors in making strategic decisions on staffing and panel size selection for a practice model.
many patients to access care in a timely fashion (Blumenthal 2004; Arvantes 2007; Halsey 2009 ). With the recent passage of the health care reform bill, more than 30 million Americans may be included in health insurance plans. This could, however, exacerbate the existing imbalance between primary care needs and supply; demand for care could surge due to an increasing number of patients covered by health insurance, and waiting times could rise. In short, the goal of timely care may not be met despite the expansion of health insurance coverage.
This article focuses on how to improve timely access to care in a cost-efficient way. We first operationalize "timeliness" by defining patient waiting time as the time elapsed from the point at which a patient makes an appointment to the point at which his or her medical service starts. We call this appointment waiting time (AWT). Long AWTs can potentially increase disease severity, resulting in more intensive treatment and higher costs. They can also constrain access to care. In states like Massachusetts, many clinics have stopped accepting new patients due to long AWTs for existing patients. To a large extent, cutting AWTs is equivalent to improving access to care.
To achieve the goal of timely care, there are generally two ways to reduce patient AWTs. One is to reduce the average consultation time that a PCP spends with patients so that more patients can be seen in one day. The other way is simply to hire more PCPs. However, adjusting the average consultation time of PCPs by shortening visits might lead to reduced quality of service and patient dissatisfaction (Dugdale, Epstein, and Pantilat 1999) , while hiring more PCPs is complicated by current shortages. Hence, alternative solutions must be sought.
Nurse practitioners (NPs) are advanced practice nurses whose scope of practice includes health promotion, disease prevention, health education, and counseling, as well as the diagnosis and management of acute and chronic diseases (American Academy of Nurse Practitioners 2007). NPs can independently manage 80 percent of patients' primary care needs (Kreitzer, Kligler, and Meeker 2009) , and extensive studies show that NPs provide high-quality care (Horrocks, Anderson, and Salisbury 2002; Laurant et al. 2009 ). Clinical outcomes do not differ for patients who receive services from NPs compared to PCPs. Some studies conclude that care provided by NPs leads to better outcomes; patients appear to be as satisfied-and in some cases, more satisfiedwith NP care as compared to PCPs.
This literature supports engaging more NPs in primary care with even more autonomy. In fact, this way of expanding the primary care workforce has been recognized as a feasible and effective solution to solve the PCP shortage problem in Canada (Canadian Nurse Association 2006) . Nonetheless, we know relatively little about how to organize the work of NPs and PCPs in primary care settings to maximize overall productivity and cost-efficiency. Laurant et al. (2005) indicate that nurse-doctor substitution has the potential to reduce doctor's workload and overall health care costs, but this benefit may not be realized for several reasons. First, nurses are not granted sufficient autonomy and doctors continue to provide the types of care that have been transferred to nurses. Second, nurses may generate new demands where previously there were none, for example, referrals. Third, cost savings due to salary differentials between nurses and doctors may be offset by nurses' longer consultation times. However, until now, there has not been a general analytic framework for considering these factors.
Using a systems modeling approach, we develop simple stylized models to investigate the productivity and cost-efficiencies of different health care delivery models (practice models) where NPs and PCPs work together in a salaried environment. These stylized models enable us to quantitatively examine the impact of those factors considered in Laurant et al. (2005) . We study three models: (I) a solo-physician practice model, which serves as our benchmark; (II) a supervision model where NPs manage a certain amount of office visits under the supervision of PCPs and make referrals to PCPs if necessary; and (III) a shared-panel model where NPs work collaboratively with PCPs and provide care to patients with full autonomy. Model II resembles a practice where the NP and the PCP each maintains a panel of patients. Model III represents a group practice where providers work as a team. These models are useful in generating insights to the following questions related to staffing, productivity, and cost-efficiency.
• Is it always cost-efficient to employ NPs because they are paid less than PCPs?
• What factors affect the productivity and cost-efficiency of each practice model? And how?
• How can one improve the productivity and cost-efficiency of a practice model?
Queueing Analysis of Practice Models Using NPs
This article addresses these questions by comparing the productivity and cost-efficiencies of different models across various parameter settings. These settings capture how providers organize their work, and the settings that result in good performance can be used to inform how a practice model can be designed or adjusted to reduce waiting and improve access while keeping costs contained. However, it only makes sense to conduct such comparisons if the care provided in these models is "equivalent" in some sense. We thus consider that two patients have received "equivalent" care if their AWTs are the same. Indeed, setting a requirement on AWTs can be regarded as an assurance for quality of care, because reducing AWTs improves timeliness-to-care and patient attendance rates and hence helps maintain continuity of care (Penchansky and Thomas 1981; Bean and Talaga 1995) .
Following Green and Savin (2008) , we define the productivity of a practice model to be the maximum number of patients that can be accounted for by the model under a given AWT requirement; cost-efficiency is then measured by the corresponding annual cost per patient in that model under the same AWT requirement. Therefore, productivity is a measure of the maximum access to care that can be provided by a particular practice model, while costefficiency can be regarded as the minimum average annual cost (or more broadly speaking, medical resources) of serving a patient. The lower this cost, the higher the cost-efficiency.
To develop an evaluation framework for the productivity and cost-efficiencies of these models while controlling for AWTs, we use a systems modeling method called queueing theory (Gross and Harris 1985) . Queueing theory is an advanced mathematical modeling technique (see Appendix) that can estimate waiting times given customer arrival information and provider service patterns, and hence it is an ideal tool for our analysis. The next section describes how our models are developed using queueing theory.
METHODS
Our goal is to compare different practice models at a strategic level and generate insights for primary health care delivery rather than to model actual operations in a real practice; hence, we use simple stylized models for analysis. We assume that there is one PCP and, at most, one NP in each model considered. Extension of models with multiple providers can also be analyzed similarly.
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The Models and Analysis System Dynamics in General. Figure 1 shows the three models. The general system dynamics work as follows. Patients call the health care facility for appointments in a random fashion. Their names are registered on the appointment schedule (i.e., sitting in the queue) in the order that they call. There are no capacity limits on the appointment schedule; that is, the clinic will not reject patient appointment requests. We assume the PCP and NP consultation times are two sequences of independent and identically distributed nonnegative random variables. Patients will arrive on time. After the provider sees one patient, he or she will take the next one on the schedule (according to each model's setup). Patients are discharged after consultation. Notice that the queue modeled here is for appointments, while not for actual patients waiting in the clinic to see the provider. The queue can be thought of as a list of patient names that appear on the appointment schedule, and patients are physically elsewhere waiting for their actual appointment times.
We acknowledge that certain features in practice, for example, patient punctuality and preferences on appointment dates, are not fully captured in our models. Queueing studies often make these simplifications to keep models technically tractable; more important, if the purpose is to conduct a strategic level analysis and not to model daily operations in clinics, these are reasonable simplifications (Green and Savin 2008; Liu and Ziya unpublished data) . Some other factors such as patient mix and nonattendance behavior (no-shows), though not modeled here, can be accommodated using our framework. 
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Evaluation of the Productivity and Cost-Efficiency. We need to set a common standard on the average AWT to compare these different models. Without the loss of generality, let this waiting time requirement be "not to exceed T days" (T can be any positive number depending on needs). Denote the average AWT under model i by W i . Thus, the timeliness-to-care requirement is simply that W i T, for i = I, II, and III.
We evaluate different practice models in a salaried environment, and therefore staffing costs are the major cost components in our analysis, that is, annual salaries for PCPs and NPs, denoted by S P and S N , respectively. Indeed, one major economic incentive to involve NPs in primary care delivery is that they are less expensive to employ compared to PCPs (Laurant et al. 2005) . Other costs related to resource utilization, for example, tests and investigations ordered, and prescriptions, are assumed the same per patient per year in different models, as many studies show no differences between nurse-led care and physician-led care (Laurant et al. 2009 ).
Suppose that each patient will call the clinic, that is, generate an appointment request (demand), according to a Poisson process (PP) with rate k 0 calls (arrivals) per day. The PP is widely used in modeling random arrivals of patients when they arrive one at a time, and it is empirically verified to work well (Green 2006) . Then if the clinic serves N patients in total (i.e., its panel size is N), the demand process for this clinic is also a PP with daily rate k = Νk 0 , assuming each patient behaves independently. We choose this arrival model because it can be estimated with few data requirements; it has also been used in other queueing studies that carry out similar strategic-level analyses (Green and Savin 2008; Liu and Ziya unpublished data) .
In modeling provider consultation (service) processes, we use two service time distributions that have different variability in service times. This is motivated by the fact that variability in consultation length can vary across practices. A commonly used measure for such variability is the coefficient of variation (CV) of consultation times, that is, the ratio of standard deviation and mean (=r/l). Empirical studies show that such CV values range from approximately 0.35 to 0.85 (Cayirli, Veral, and Rosen 2006) . Therefore, we consider models with both high and low CV values, respectively. First, we consider Markovian queueing models, where both PCP and NP consultation times follow exponential distributions. This setting is plausible when the CV values of these service times are close to one, a fairly high value indicating large variability. However, if service times have smaller variability, Markovian models usually underestimate the productivity and cost-efficiency. This motivates our analysis of non-Markovian models which 6 HSR: Health Services Research assume deterministic service time distributions with zero variability in service times (CV = 0). By considering both Markovian and non-Markovian models, we are able to generate bounds for system performance: non-Markovian models provide upper bounds for productivity and cost-efficiency, whereas Markovian models yield lower bounds. More important, this enables us to investigate the robustness of model performance by examining whether the choice of the most productive and/or cost-efficient model is sensitive to service time variability.
Given the waiting time requirement that the average AWT should not exceed T days, each model has a unique maximum number of patients that can be accounted for, as AWT strictly increases when the panel size increases. It follows from the previous definition that this maximum panel size is the productivity. Dividing the total annual staffing costs of model i by its productivity, we obtain its annual cost per patient, which measures its cost-efficiency.
Model I-Solo Physician Model. Model I considers a single-physician's office, where a PCP serves patients alone. The average daily arrival rate is k patients/ day, and the service rate of the PCP is l 2 patients/day. Patients are served in a first-come-first-serve (FCFS) order. In this case, the number of patients waiting in the appointment schedule (including the one in service) can be modeled as an M/M/1 (M/D/1) queue, if service times follow an exponential (deterministic) distribution. These two models are the most basic ones in queueing theory and can be evaluated easily.
Model II-Supervision Model. In Model II, the NP provides care to certain patients under the supervision of the PCP and makes referrals to the PCP when needed. In this model, 100p% (0 p 1) of the office visits generated from the population are first handled by the NP, and the rest are handled by the PCP. We call p the substitution ratio. The referral rate, that is, the proportion of patients who initially come to see the NP and then are referred to the PCP is denoted by r (0 r 1).
In this model, the PCP and the NP maintain their own individual appointment schedules, respectively. The patients coming to the NP are registered on the NP's schedule; others will be registered on the PCP's schedule. The service rates of the NP and the PCP are l 1 and l 2 , respectively, and the service order is FCFS.
Model III-Shared-Panel Model. Model III is a practice model where the PCP and the NP share the same panel of patients and jointly manage their appointment schedules. In this model, the NP is assumed to practice with full autonomy and requires no PCP supervision. Patients will be seen by any available provider. This mechanism of integrating capacity among providers is known in queueing theory as "capacity pooling," which can utilize resource more efficiently and reduce patient waiting time. The feasibility and benefit of capacity pooling are discussed below. Studying Model III is also of theoretical interest: it yields a performance upper bound for Model II and hence provides a useful benchmark for evaluation.
Most of these models either have closed-form solutions or can be numerically evaluated. The only exception is Model III with deterministic service time distribution, for which we carried out a discrete-event simulation study (Law and Kelton 1991) . See detailed analyses of these models in the Appendix.
Model Parameters
We need the following parameters as model inputs: the demand rate of an individual patient k 0 , the NP service rate l 1 and the PCP service rate l 2 , the substitution ratio p, the referral rate r, and the annual salary of the PCP S P and that of the NP S N . We extracted these parameters from earlier literature or survey results.
First, we considered visits to general and family practice, internal medicine, and pediatrics as primary care visits. According to the 2006 National Ambulatory Medical Care Survey (NAMCS) data (Cherry et al. 2008) , the annual number of such visits made per person in the United States is 2.9, which is translated to k 0 = 0.008 visit per person per day.
Based on the 1989-1998 NAMCS data, Mechanic, McAlpine, and Rosenthal (2001) found that the mean length of office visits to PCPs was around 16-18 minutes in 1998 in the United States. Recently, Konrad et al. (2010) interviewed 128 PCPs in the United States and confirmed that, on average, these PCPs allocated 18 minutes for a routine visit and 32 minutes for a new patient appointment. Therefore, we set l 2 = 20 patients per day, that is, 24 minutes allocated to a patient on average if the PCP spends 8 hours seeing patients each day.
Nurse practitioners typically have longer consultation lengths (and hence lower service rates) than PCPs (Laurant et al. 2009 ). However, there could be significant variation in how much their consultation times differ (Kin- Venning et al. 2000) . Instead of fixing NP service rate l 1 , we considered three possible values for it: 12, 15, and 18 patients per day, corresponding to 0.6, 0.75, and 0.9 in terms of the PCP-NP consultation time ratio, respectively. This setup is also consistent with empirical findings in Kinnersley et al. (2000) . Regarding the substitution ratio p, no literature seems to provide an estimate. The value of p depends on how workload is allocated between the PCP and NP in a clinic, and it can also be indirectly influenced by NP scope of practice since its value is likely to increase (or can be more easily adjusted) if NP scope of practice is expanded (Eibner et al. 2009 ). To estimate the potential cost savings by encouraging greater use of NPs, Eibner et al. (2009) varied the percentage of office visits that are dealt with by NPs and estimated bounds for such savings. Following a similar strategy, we conducted a sensitivity analysis using different values of p (from 20 to 60 percent). Similarly, we tested different values for the referral rate r (from 0 to 25 percent) to study the impact of referrals. To model PCP supervision, we considered three levels of intensity: (1) no supervision: the NP has full autonomy and the PCP is not required to supervise; (2) low level: the PCP spends half of a patient consultation slot every day to supervise; and (3) high level: the PCP spends one full consultation slot every day to supervise.
We obtained salary data from the website of the 2008 Occupational Employment Statistics (U.S. Bureau of Labor Statistics 2008). According to the Bureau's Standard Occupational Classification (SOC), the most relevant job titles to the PCP and the NP are Family and General Practitioner (SOC code 291062) and Registered Nurses (SOC code 291111). The annual mean wages for these two job titles on the national level (May 2008) were retrieved from the website. Accordingly, we set S P = 161,490 dollars per year and S N = 65,130 dollars per year.
Without loss of generality, we set T = 1 day for all models in our numerical study; that is, the average AWT is required not to exceed 1 day. We note that other values for the aforementioned model parameters can also be used depending on the context of interest, but the insights generated should not change much.
RESULTS
Model I is our benchmark model for which we considered its performance under both Markovian and non-Markovian settings. For Model II, we con-
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ducted an extensive sensitivity analysis by considering 648 different scenarios [2 service time distributions 9 3 NP service rates (l 1 ) 9 6 substitution ratios (p) 9 6 referral rates (r) 9 3 supervision levels]. For Model III, we varied the NP service rate and tested its performance under both service time distribution assumptions. Detailed numerical results are presented in the Appendix.
The productivity for Model I is estimated to be 2,380-2,440 patients, and this is consistent with those reported elsewhere (Green and Savin 2008; Balasubramanian et al. 2010; Liu and Ziya unpublished data) , validating our use of queueing models to estimate productivity. The estimated productivity for models with two providers (Model II and Model III) ranges from 2,400 to 4,600 patients, less than the sum of two solo PCPs' productivity. These are reasonable estimates because NPs have longer consultation times than PCPs.
Comparison between Markovian and Non-Markovian Models
A careful comparison of Markovian and non-Markovian models reveals that both performances within a practice model and comparative results across these models seem not sensitive to the variability in provider consultation times, implying that our results can be generalizable to different consultation time distributions. We present details on such comparisons in the Appendix. For brevity, the numerical results discussed below are all based on Markovian models unless otherwise specified.
The Relationships among Productivity, Cost-Efficiency, and Total Costs
We note that a more cost-efficient model does not necessarily provide greater productivity: the total annual costs consumed may differ among models. Table 1 compares Model I (solo physician model) and Model II (supervision model) assuming l 1 = 15, p = 20 percent, r = 0 percent, and low level of supervision. Model I is more cost-efficient than Model II ($67.83 versus $77.45 per patient per year), but Model II's productivity is 19 percent greater than Model I (2,926 versus 2,381 patients) and its total annual cost is also 40 percent higher ($226,620 versus $161,490 per year). If we double the staffing level in Model I and consider two solo PCPs practicing separately (just like two separate queues), then both the productivity (4,762 patients, 62 percent higher than that of Model II) and the total annual costs ($322,980 per year, 43 percent higher than that of Model II) double while the cost-efficiency remains the same. In this case, which model to choose and how to staff depends on the tradeoff between productivity (i.e., access to care that can be 10 HSR: Health Services Research provided) and total annual costs. However, if the total annual costs are the same across models, then productivity and cost-efficiency are "equivalent" performance measures: larger productivity implies higher cost-efficiency, and vice versa.
Performance of Models II and III
Supervision leads to a decrease in productivity and cost-efficiency of Model II (supervision model), as PCPs need to spend extra time in supervising NPs. However, this impact seems negligible (see the Appendix). Referrals also result in a decrease in cost-efficiency, as they increase the workload of PCPs. Such impact is more significant when the PCP handles a larger proportion of the demand, that is, when the substitution ratio p is smaller. Figure 2 shows the relative cost-efficiency (i.e., ratio of cost-efficiencies) of Model II (assuming no supervision and l 1 = 15) versus Model I (solo physician model). For a fixed referral rate, the cost-efficiency of Model II first increases in substitution ratio p and then decreases. We observe a similar trend for productivity. The reason is that, when p is too low, too many patients go to see PCPs; when p is too high, a disproportionately large amount of visits are handled by NPs. Neither is efficient in capacity utilization, as either the PCP or the NP is "overused," leaving the other provider "underused." More interestingly, the cost-efficiency when p = 40 percent or 50 percent always dominates those under other values of p, regardless of the value of referral rate r. This suggests a dominating impact of p on the performance of Model II over other factors.
With the same two providers, Model III (shared-panel model) outperforms Model II (supervision model) with 3-73 percent improvement in productivity and 3-42 percent improvement in cost-efficiency. As noted above, Model III provides an upper performance bound for Model II, and this superiority is largely due to the effect of capacity pooling, which we discuss below.
DISCUSSION
Involving NPs in a practice team and exerting their full capabilities is a promising way to expand primary care workforce. However, the productivity and cost-efficiency of practice models involving NPs depend on a variety of factors.
Determinants for the Productivity and Cost-Efficiency of Model II
The productivity and cost-efficiency of Model II (supervision model) depend on a full collection of model parameters, including substitution ratio p, referral rate r, level of PCP supervision and NP service rate l 1 . First, the overall productivity improves when NP service rate l 1 increases. In particular, the optimal productivity (assuming r = 0 percent and no PCP supervision) when l 1 = 12, 15, and 18 patients per day is 3,747, 4,136, and 4,510 patients, respectively. Substitution ratio p is another most important determinant for the per- The optimal choice of substitution ratio p, which leads to the highest productivity and cost-efficiency of Model II, heavily depends on other model parameters. Notably, one most important factor is NP service rate l 1 . As expected, when l 1 increases from 12 to 15 to 18 patients per day, the optimal values for p (when r = 0 percent) also increases from approximately 38 to 43 to 47 percent, respectively. It is interesting to note why the productivity of Model II peaks at these values. Suppose that l 1 = 15, l 2 = 20, and r = 0 percent. From an efficiency point of view, a "fair" distribution of patients between the NP and the PCP would be based on their service rates, that is, the NP should serve 15/(15 + 20) = 43 percent of the patients. The optimal value for p also depends on the referral rate r. Assuming other parameters kept unchanged, the PCP's workload increases in r. Hence, to keep an optimal workload allocation, one needs to adjust (in fact, increase) the value for p. For example, assuming l 1 = 15, l 2 = 20, and r = 25 percent, the optimal p is about 48 percent, compared with 43 percent when r = 0 percent.
Other factors that could affect the performance of Model II include the referral rate r and the level of PCP supervision. When the workload distribution among providers is disproportional to their capacity, referrals can exacerbate this imbalance. In particular, referrals lead to a higher reduction in both productivity and cost-efficiency of Model II when PCP has already handled a larger percentage of visits. Interestingly, supervision does not seem to have a significant impact on the performance of Model II. Compared with the situation without supervision, the model with a high level of supervision has no more than a 5 percent drop in either productivity or cost-efficiency in all scenarios we tested. Considering that, in practice, PCPs usually spend even less time in supervision (e.g., by simply doing a monthly or quarterly review), the impact of supervision on productivity and cost-efficiency seems negligible.
In summary, the most influential determinants for the performance of Model II are provider service rates and substitution ratio which determine workload allocation among providers. One could try to achieve an optimal workload allocation by panel design (Balasubramanian et al. 2010 ). However, it may not be easy to implement such a design that exactly splits patient demand optimally, and even if one could, randomness in demand makes it impossible to keep the delivery system running efficiently and optimally every day. To resolve this issue, Model III suggests a possible solution: to develop a shared-panel, encourage a team-based approach, and integrate the capacity of providers by allowing capacity pooling.
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To quantify the value of capacity pooling, we compare Model II (supervision model) to Model III (shared-panel model). One implicit assumption in Model III is that all patients will receive adequate care from the provider they see, and no referrals are made. To make a fair comparison, we set the referral rate r = 0 and assume no supervision in Model II. Figure 3 shows the comparison assuming that l 1 = 15. Compared to Model II with substitution ratio p = 50 percent, Model III generates a much broader access to care (635 more patients covered or equivalently an 18 percent increase in productivity) under the same timeliness-to-care requirement and annual staffing costs. Such gain in the productivity of Model III over that of Model II can be regarded as the "value" of capacity pooling. When the substitution ratio p deviates from its optimal value 43 percent, capacity pooling improves productivity significantly (42, 23, 18 , and 42 percent improvement when p = 0.2, 0.3, 0.5, and 0.6, respectively). However, when p is close to 43 percent, Model II performs almost as cost-efficient as Model III. Considering that Model III sets a performance upper bound for a two-provider model, these findings accentuate the importance of an appropriate workload allocation when using Model II.
Capacity pooling could improve access to care and reduce waiting time without incurring additional staffing costs. However, it may not be implementable or desirable in practice due to issues related to NP scope of practice, patient preference, or clinical concerns such as disruption of continuity of care. Though a full scale of capacity pooling may not be feasible, a partial implementation of it on certain patients can still be possible, in particular those who are strongly against or cannot afford waiting, for example, walk-ins, those requesting a same-day appointment, and urgent care patients. These patients may not have strong preference for providers and would opt to see anyone available (Venning et al. 2000; Balasubramanian et al. 2010) . Pooling providers' capacity to serve these patients could be a useful strategy to improve efficiency in care delivery.
CONCLUSION AND EXTENSIONS FOR FUTURE WORK
We develop simple stylized queueing models for evaluating the productivity and cost-efficiencies of different practice models to involve NPs in primary care and investigate what affects the performance of these models and how. These queueing models can also be used by primary care clinics to make strategic decisions on staffing and panel size selection. In summary, the productivity and cost-efficiency of different practice models depend heavily on model parameters, which reflect how providers organize their work and a variety of other practice environment-related factors such as mean consultation lengths of providers, referral rate and physician supervision intensity. Using data reported in the literature, we find that employing an NP, whose salary is usually lower than a PCP, may not be cost-efficient in certain situations, in particular when NPs' capacity is underutilized. An appropriate workload allocation (e.g., by panel design) is important in maintaining and improving the cost-efficiency of a practice model with multiple providers at work. Cost-efficiency and productivity of a practice model seem insensitive to the variability in provider consultation lengths controlling for their means. Capacity pooling among providers could be a helpful strategy to improve efficiency in care delivery.
There are several ways to extend our work. First, our models can be extended to consider patient no-shows, a frequently encountered problem by many clinics. There are many possible factors associated with no-shows, but one particularly important predictor appears to be patient AWTs (Bean and Talaga 1995; Liu, Ziya, and Kulkarni 2010) . As queueing models deal with waiting time, they can be extended to consider AWT-dependent no-shows. Second, our models can be used to investigate the impact of patient mix. In particular, patient visit frequency to a clinic and provider consultation times typically depend on the patient mix (Knox and Britt 2004; Cayirli, Veral, and 16 HSR: Health Services Research Rosen 2006) . Built upon such dependency, our proposed models can be used to examine how patient mix affects the productivity and cost-efficiency of the clinic. Third, capacity pooling may only be applied to a limited set of patients as some others are "loyal" to their own providers. Our models can be extended to analyze such situations by making proper modifications on the arrival process. Last, though applications of queueing models have been shown helpful in many industrial settings (Gross and Harris 1985) , further validation of their use in health care by directly comparing queueing model estimates with collected descriptive data in the field is important.
